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Abstract

In recent years, code-switching speech recognition has become an important research topic.
Code-switching in conversation speech is gradually increasing in our daily lives. However,
compared with monolingual languages (e.g., English or Chinese), only a few resources can be
obtained for training a code-switch speech recognizer. To mitigate the deficiency, in this paper,
we propose a meta-learning approach for code-switching speech recognition. In other words,
following the model-agnostic meta-learning (MAML) procedure, we first train the speech
recognizer by using monolingual corpora, and then a fine-tune stage is performed to obtain the
final code-switching speech recognizer by using code-switching data. We evaluate the
proposed method on the SEAME (South East Asia Mandarin-English) dataset. A series of
experiments show that the meta-learning method can improve the performance of the low-
resource code-switching speech recognition task.
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Meta-Learning

8 Learning or Adaptation
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